Brief History of Artificial Intelligence:
From Societal and to Scientific Impacts...
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Artificial Intelligence (Al)

« Simulation of by machines

» Behavior of an artificial system that as intelligent

AN ¥
At last — a computer program that
can beat a champion Go player PAGE 484

Give a concise definition of Artificial intelligence

Artificial intelligence is the field of computer science concerned

g @ A E E O

with building systems that perform tasks normally requiring
human intelligence. Examples include perceiving, reasoning,

learning, understanding language and making decisions.
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A QUARTERLY REVIEW
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PSYCHOLOGY AND PHILOSOPHY

IL.—COMPUTING MACHINERY AND
INTELLIGENCE

By A.M.TuriNg

1. The Imstation Game.

I proPoSE to consider the question, ‘(an machines think ?’
This should begin with definitions of the meauing of the terms
‘machine 'and ‘ think °. The definitions might be framed 80 as to
reflect 8o far as possible the normal use of the words, but this
attitude is dangerous. If the meaning of the words ‘ machine’
and ‘ think ’ are to be found by examining how they are commonly
used it i8 difficult to escape the conclusion that the meaning
and the answer to the question, ‘ Can machines think ?” is to be
sought in a statistical survey siuch as a Gallup poll. But this is
absurd. Instead of attempting such a definition I shall replace the
question by another, which is closely related to it and is expressed
in relatively unambiguous words.

The new form of the problem can be described in terms of
a game which we call the ‘imitation game’. It is played with
three people, a man (A), a woman (B), and an interrogator (C) who
may be of either sex. The interrogator stays in a room apart
from the other two. The object of the game for the interrogator
i8 to determine which of the other two is the man and which is




How Claude Shannon Helped Kick-start Machine
Learning > The “father of information theory” also paved
the way for Al

BY RODNEY BROOKS | 25 JAN 2022 | 3 MIN READ | []

PRESENTATION OF A MAZE-SOLVING

MACHINE
C ybatneties- Tcans. £ 1RL P15 ConCecence
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THis 15 A maze-solving machine that is capable of solving a maze by
trial-and-error means, of remembering the solution, and also of forget-
ting it in case the situation changes and the solution is no longer appli-
cable. I think tlus machine may be of interest in view of its connection
with the problems of trial-and-error learning, forgetting and feedback
systems.

As you can sce (Figure 8), there is a maze on the top panel of the
machine which has 4 range of S x 5 squares. The maze can be changed
in any desired manner by rearranging the partitions between the twen-
ty-five squares. In the maze there is a sensing finger, which can feel the
Eartilions of the maze as it comes against them. This finger is moved

y two motors, an cast-west motor and a north-south motor. The prob-
lem facing the machine is to move the finger through the maze to the
goal. The goal is mounted on a pin which can be slipped into a jack
in any of the twenty-five squares. Thus you can change the problem
any way you choose, within the limits of the 5 x 5 maze. I will turn it
on so you can sec it, in the first place, trying to solve the maze. When
the machine was turned off, the relays essentially forgot everything they
knew, so that they are now starting afresh, with no knowledge of the
maze.

Sarage: Does than mcan they are in a neutral position, neither to the
right nor the left?

Skannon: They arc in a kind of nominal position. It isn't really a
neutral position but a meaningless one.

You sce the finger now exploring the maze, hunting for the goal.
When it reaches the center of a square, the machine makes a new deci-
sion as to the next direction to try. If the finger hits a partition, the
motors reverse, taking the finger back to the center of the square, where
a new direction 1s chosen. The choices are based on previous knowl-
edge and according to-a certain strategy, which is a bit complicated.
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Conferéncia de Dartmouth:

John MacCarthy Marvin Minsky Claude Shannon Ray Solomonoff Alan Newell
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Herbert Simon Arthur Samuel Oliver Selfridge Nathaniel Rochester Trenchard More

McCarthy coined the term “Artificial Intelligence” over “cybernetics”
or “automata theory” and this event gathered 10 people that set Al
as a new, independent discipline to address language, abstraction,
problem solving and self-improvement... (Too optimistic!!!)



Machine learning
“making computer able to learn without being explicitly programmed”

Arthur Samuel, 1959




Machine learning

Artificial neurons capable of
"learning" by error feedback.

Adaline.

THE MARK I PERCEPTRON

Frank Rosenblatt, 1957 beginnings of artificial neural networks;
perceptron beginnings of machine learning

... still the essence of modern systems.



The Al Battle: Marvin Minsky (CMU) vs Frank Rosenblatt (MIT)
(by

Connectionism Symbolism
Neural Networks Logic & Rules
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1950s-1960s 1970s 1980s+
Excitement & Promise I I Be AlSetback ./.\ﬁ Neural Networks

(First Al Winter) Make a Comeback



https://techhistorylab.com/author/hafeezgdc900gmail-com/

Premature optimism (on all fronts)

The Shape of

Automation for Men
| and Management o
Herbert A. Simon e
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Psychologist Shows Embryo
of Computer Designed to
Read and Grow Wiser

3 ‘WASHINGTON, July-7 (UPT)
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“in 20 years, machines will do “within a generation (...) the problem “in principle it would be possible to build brains
any human task” 1965 of creating Al will be solved” 1967 that could reproduce themselves ... and which would

be conscious of their existence.” 1967



"Neural" networks: 3 first decades

Hopfield networks, 1982 Rumelhart, Hinton, Williams, backpropagation, 1986
Prior work by Amari, 1972

Prior work by Linnainmaa (1970, 1976),
Werbos (1974), LeCun (1985)

1998
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Sejnowski & Hinton, Boltzman LeCun, deep convolutional networks,
machines, 1983. 1989 (inspired by Hubel & Wiesel),
Prior work by Ivakhnenko & Lapa, 1965, Prior work by Fukushima (1979), ..

Amari (1967)



Supervised learning:




What is a learning algorithm?

Gradient descent on
the loss function




The secret sauces of deep learning: gradient descent + backpropagation

Backpropagation




“end-to-end learning”: can be computationally very expensive...

Classical machine learning
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Input Data Domain Expert Classifier
(feature design) (es. Neural Network)

Deep learning

Input Data Automatic Features Learning




Graphics processing unit (GPU)
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ImageNet 2012

ImageNet (2009): 1.2 million images,
1000 categories

mageNet | arge Scale Visual Recognition Challenge

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky
Uni

Abstract

, deep convolutional neural network to ¢!
in the ImageNet LSVRC-2010
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Google buys University of Toronto startup

CBC News - Posted: Mar 13,2013 4:41 PM EDT | Last Updated: March 13, 2013

Google has acquired DNNresearch, a University of Toronto startup that studies neural networks. The one-year-
old company is launched by computer science professor Geoffrey Hinton (right) and two of his graduate
students, Alex Krizhevsky and Ilya Sutskever (left). (The University of Toronto)




2012-2019

100s of millions of parameters

Top-1 accuracy [%)]
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Speech recognition

first DNN

for speech
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There are no

import toxch

import torch.nn as nn

# Define the neural network
class Net(nn.Module):
def __init__(self):

super(Net, self).__init__()
self.convl = nn.Conv2d(3, 6, 5)
self.pool = nn.MaxPool2d(2, 2)
self.conv2 = nn.Conv2d(G, 16, 5)
self.fcl = nn.Linear(i6 * 5 * 5, 120)
self.fc2 = nn.Lineaxr (120, &4)
self.fc3 = nn.Linear(s4, 10)

def forward(self, x):

= self.pool(F.relu(self.convi(x)))
= self.pool(F.relu(self.conv2(x)))
= x.view(-1, 16 * 5 * 5)

= F.relu(self.fci(x))

= F.relu(self.fc2(x))

= self.fc3(x)

return x

X X X X X X

net = Net()

import tensorflow as tf
import numpy as np

INPUT_NEURONS = 2
HIDDEN_LAYER_1_NEURONS = 4
OUTPUT_NEURONS = 1

x_data = np.array([[0, 0], [0, 1], [1, 1]])
y_data = np.array([0, 1, 1])

x = tf.placeholder(tf.float32)
y = tf.placeholder(tf.float32)

hl_layer = {
‘'weight': tf.Variable(np.random.rand(INPUT_NEURONS, HIDDEN_LAYER_1_NEURONS).astype(np.float32)),
‘bias': tf.constant(0.0)

output_layer = {
‘weight': tf.Variable(np.random.rand(HIDDEN_LAYER_1_NEURONS, OUTPUT_NEURONS).astype(np.float32)),
'blas': tf.constant(0.0)

}

hl = tf.matmul(x, hl_layer['weight']) + hl_layer['bias'])
hl = tf.sigmoid(hl)
predict = tf.matmul(hl, output_layer['weight']) + output_layer['bias'])

loss = tf.reduce_mean(tf.square(predict - y))
optimizer = tf.train.GradientDescentOptimizer(0.00001).minimize(loss)

sess = tf.Session()
init = .initialize_all_variables()
sess.run(init)

for 1 in range(50000):
if 1 % 5000 =
print 'Loss: ', sess.run(loss, {x: x_data, y: y_data})
sess.run(optimizer, {x: x_data, y: y_data})

print sess.run(predict, {x: [[1, 1]] })




Only 30 years ago...

9-3 YAHOO! ©-9 — [ e

New Cool g < 4"”e Ya‘“os. -
ROTEIRO PRATICO

2 prodi You could win ] i
@plnt:‘l};.t" petats $10.000! weekly Picks DA
INTERNET

Get Local
Search Options

Yellow Pages - People Search - City s -- Stock Quotes - Sports Scores

Arts and Humanities - Architecture. Photography. Literature...
Business and Economy [Xtra!] - Companies. Investments. Classifieds...
Computers and Internet [Xtra!] - Internet. WWW. Software. Multimedia...

Education - Universities, K-12. College Entrance...

Custojusto:pt

Internet was small:
you could have a “guide”



Technological revolutions

Historical cost of computer memory and storage

Measured in US dollars per megabyte.

100 million $/MB
1 million $/MB
10,000 $/MB
100 $/MB

1 $/MB

0.01 $/MB

Memory

Flash
<0.001 $/MB Solid state
Disk

1956 1970 1980 1990 2000 2010 2020

Source: John C. McCallum (2022) OurWorldInData.org/technological-change « CC BY
Note: For each year the time series shows the cheapest historical price recorded until that year.




Technological revolutions

1 Exabyte (EB) =1,000,000,000,000,000,000 Bytes
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hinrich foundation

advancing sustainable global trade

WORLD’S
DATA

More data will be generated in the next three years
than in all of preceding human history, driven
largely by artificial intelligence.

2579131618 26 33 41 64 84 101 123 149 182 221

010 2011 2012 2013 (2014 2015 2016 2017 2018 2019 2020 2021 2022p = 2023p 2024p 2025p 2026p

’

First generative Al model
launched (Generative
Adversarial Network).

OpenAl launched

GPT-1.
i ) OpenAl’s ChatGPT was
(O One zettabyte is equal launched publicly and
to 1 billion terabytes. reached 1 million users

within 5 days.




Technological revolutions

120 Years of Moore’s Law
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- 7, 51.09 NVIDIA TITAN X
K] GTX 480 ..
o @2
S o ~
% wa«.uscmz 1 000 000 x
§ ’&/“05 P o ®
g % 1995-2015
- o
8. %0 1BM ASCH
o) ® WHITE
S o0 18M PC .. PENTIUM PC
CRAY 1 o171 o o .
bt DATA GENERAL wne Amillionfold gain in 20 years means a doubling
b novA @ @ sunt paciTosw 20 6
: 0; ° e o° roughly every year (2= 10°).
g Lo oo NB: faster than Moore’s original two-year doubling!
%) 0 WHIRLWIND P
8 ‘00] ENIAC ' ) Pery
= o o DEC POP-1
« 7 [~ . ® °®
3 é:05 cowossus @ ® o
o °
8 IF 1BM TABULATOR ’
d |
7 ANALYTICAL b [5)
&o 9 E;GI)&

Ll Ll Ll L} Ll Ll Ll L) L) Ll Ll Ll L) L) L) Ll Ll Ll Ll L} L} Ll Ll Ll Ll
7900 1905 19,0 19,5 1920 1925 1_930 /935 1_940 ’9"5 1950 /955 ,960 ,965 19)0 19)5 ’980 ,985 7990 /995 2000 2005 20,0 20,5 2020

Year Source: Ray Kurzweil, DFJ



Technological revolutions

ol ESSENTIAL DIGITAL HEADLINES o
2024 OVERVIEW OF THE ADOPTION AND USE OF CONNECTED DEVICES AND SERVICES ’ o
GLOBAL OVERVIEW
TOTAL UNIQUE MOBILE INDIVIDUALS USING SOCIAL MEDIA
POPULATION PHONE SUBSCRIBERS THE INTERNET USER IDENTITIES

8.10 5.65 5.44 5.07

BILLION BILLION BILLION BILLION
URBANISATION vs. POPULATION vs. POPULATION vs. POPULATION
57.8% 69.7%

67.1% 62.6%
° SOURC(S:HV»‘ZV‘—A‘.:«\-‘ 5; UNITED NATIONS; GOVERNMENT RESOURCES; GSMA INTELUIGEN E; ITU; EUROSTAT
BETA RESEARCH CENTER. ADVISORY: SOCIAL MEDIA USER IDENTITIES MAY NOT REPRESENT UNIQUE M

STAT: CNNIC: KANTAR & IAMAI: PLATFORM RESOURCES; COMPANY EARNINGS REPORTS; OCDH
INDIVIDUALS, COMPARABILITY: BASE REVISIONS; SOURCE CHANGES. SEE NOTES ON DATA

we
gggial <O> Meltwater

Access and generation/production of data:
video, photos, location, markets, social media, health, science, ...



Drastic change in the business paradigm

Overabundant content:

Super-abundant content:

J00<je
),

How to profit from social networks? m O Tube] y
Online commerce: e

How to profit from search?

The key technology of all this:



Technological revolutions

ﬁ Mobile device size evolution

eremmnll

2010 ©EHANG ®@ 2015

Mobile solutions in
social media






Capture and sell attention,

tastes, habits, friends, places,
activities, preferences (political,
sexual, religious, ...)

TERRORIST AT
4

TRUMP SAYS

@Tobias Rose-Stockwell

preferences, information about:

E
ATTENTION
MERCHANTS

THE EPIC SCRAMBLE TO GET INSIDE CUR HEADS

TIMWU 4

AUTHOR OF THE MASTER SWITCH -~ 3¢ i

i} |
|




Section 230, a Provision of the Communication
Decency Act, states that, “No provider or user
of an interactive computer service shall be
treated as the publisher or speaker of any
information provided by another information
content provider” (47 U.S.C. § 230). This means
THE is that social media companies are not on the

TWENTY-SIX hook for the content published by its users. 1996

WORDS THAT

CREATED THE
INTERNET NUMBER OF SOCIAL MEDIA USERS

202|

JEFF KOSSEFF

INSTAGRAM
1.1 BILLION
)
V

> )\ \| ..
SECTION 230
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O\ Meta

125,000

Revenue growth (9-Year CAGR): 41.8%

100.000 Revenue growth (YoY) - 37.2% I

2012 2013 2014 2015 2016 2017

Year

Note: Reality Labs’ revenue contribution for FY 2021 is just 1.92% of total
revenue, negligible versus advertising revenue for Meta Platforms Inc.

2 OO(

Alphabet

Revenue growth (9-year CAGR): 19.0%
Revenue growth (YoY) : 42.6%

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Note: Google Cloud & Google other revenue removed. Google advertising

consists of Google Search, YouTube ads, Google Network Members’
properties

Portugal GDP




STILL SEARCHING

Ads Are Still The Profit Engine For Alphabet

Alphabet Q1 2024 Visualized

Cost of
Revenues
O e $33.7bn
Search
$46.2bn
Advertising
Revenue $11R:;D
$61.7bn Total -Jon
@ YouTube Revenue
8.1bn
$ $8 0 .Sbn Marketing 36.4bnl
Network Gelze
Properties o & Adlh ,
$7.4bn S35, 1
Subs, Platforms
& Devices I
$8.7bn
Operating
£ Google Cloud Income
$9.6bn $25.5bn

Other $0.6bn




Business model behind Facebook, Google, Amazon, Twitter, ...

Massive gathering and Al-based analysis of user information.

Product: behavioral “futures”.
“If you're using the service for free, you’re the product.”

Implications: privacy, addiction, behavior manipulation,
threat to democracy, ...

Solutions: regulation, awareness, education, literacy, ...

THE AGE OF
SURVEILLANCE
CAPITALISM

SHOSHANA
ZUBOFF
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@ How the Great Rewiring
of Childhood is Causing
an Epidemic of Mental lliness

1-The “great rewiring” of childhood: a shift from

a play-based childhood to a phone-based childhood
2-Adults made two opposite mistakes at once:
overprotected and underprotected children

Social Media Is Harming Young People
at a Scale Large Enough to Cause Changes at the Population Level

Essay to Be Published in World Happiness Report 2026

Jonathan Haidt and Zachary Rausch
New York University Stern School of Business

Corresponding author:
Zachary Rausch (rausch.zachary@nyu.edu)

January 15, 2026

Percent U.S. Anxiety Prevalence

20 Ages 18-25 Gen Z hit hardest
139% increase since 2010 Born after 1 995

Ages 26-34 Young Millenials too

/\/ 103% increase since 2010
N

5=
— ————

ob—t—F—t—t—

rLQQ% qp\g qp\'l, qp'\b‘ ,LQ'\Q’ qp’\% ,Lg'lg Methods: “Nervous all of the time or most of

the time in past month”
SOURCE: U.S. National Survey on Drug Use and Health



d I'le > stat > arXiv:2310.00865

Statistics > Other Statistics

Data Science at the Singularity
2023 International Conference on Statistics and Data Science

Lisbon, Portugal - [Submitted on 2 Oct 2023]

Data Science at the Singularity

20231219

David Donoho.

David Donoho

Frictionless reproducibility

[FR-1: Data] datafication of everything, with a culture of research data sharing. One can now
find datasets publicly available online on a bewildering variety of topics, from chest x-rays to
cosmic microwave background measurements to uber routes to geospatial crop identifications.

[FR-2: Re-execution] research code sharing including the ability to exactly re-execute the same
complete workflow by different researchers.

[FR-3: Challenges] adopting challenge problems as a new paradigm powering scientific research.
The paradigm includes: a shared public dataset, a prescribed and quantified task performance
metric, a set of enrolled competitors seeking to outperform each other on the task, and a public
leaderboard. Thousands of such challenges with millions of entries have now taken place, across
many fields.




Frictionless reproducibility (Donoho, 2023)

Microsoft




Classical paradigm: supervised learning

Fundamental bottlenecks:
« data scarcity

 label scarcity (human expertise is very expensive)

Several approaches:
« data augmentation
« synthetic data still supervised learning
« transfer learning



Recent paradigm shift...

. pretrain on raw data

(maybe) adapt (fine-tune) to various downstream applications

: surrogate task, e.g., masked/next word prediction
key advantage: no human intervention!

A Pretraining

Masking Language model
) “Would you tell me, please, which way | ought to go from here?” “Would you tell me, - which way |- to go from here?” : . “Would you tell me, sir, which way | need to go from here?”
“That depends a good deal on where youwant to get to,” said the Cat. “That [ 2 [l ceal on where you want to get to,” said the Cat. : : : o “That depends a good deal on where you want to get to,” said the Cat.
L / “I don’t much care where—" said Alice. ’ “\-much care where ”.Allcu. o s 0 0 0 “I don't much care where—" said Alice.
/ 7 “Thenit doesn't matter which way you go,” said the Cat “Thenit doesn't matter [l Il you go.” said the Cat : : : : . “Then it doesn't matter which way you go,” said the Cat.
= = s s :
—— 7, —solongas | get somensiere,” Alice added as an explanation “—solong as| get somewtere” Alice [l as an explanation : : - “—solong as | get somewsierg” Alice added as an explanation.
‘/' “Oh, you're sure to do that,” said the Cat, “if you only walk long enough.” “Oh, JJI Il to do that.” said the Cat, “if [JJ only [l long enough.” . “Oh, no need to do that,” said the Cat, “if one only waits long enough.”
— Original text Masked text Predicted text
Large corpus L ]
(unlabeled text) Loss

B Fine-tuning
Fine-tuned model

.
e o

We wish to suggest a structure for the salt of deoxyribose e o 0
e o 0o o

nucleic acid (D.NA). This structure has novel features i i e o Topic: Biology (97%)

: P T o

which are of considerable biological interest. il 7

e o . .
Text . Prediction

Small labeled
dataset



IEEE spectrum FOR THE TECHNOLOGY INSIDER

ARTICLE

Andrey Markov & Claude Shannon Counted Letters
to Build the First Language-Generation Models >
Shannon’s said: “OCRO HLI RGWR NMIELWIS”

BY OSCAR SCHWARTZ | 11 NOV 2019 | 4 MIN READ | []
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Russian mathematician Andrey Andreyevich Markov in front of his statistical analyses of Alexander Pushkin’s novel, Eugene Onegin.




“Secret sauce” of language models: word embeddings

Rome

Ottawa Germany

Russia
Ankara

swimming

Tokyo

©

Beijing

Hanoi

Male-Female Verb Tense Country-Capital

“Secret sauce” of modern machine learning: embed everything!!!



Attention Is All You Need

Noam Shazeer* Niki Parmar*

Google Brain

Ashish Vaswani®
Google Brain

Lukasz Kaiser*
Google Brain

Llion Jones® Aidan N. Gomez* !
Google Research University of Toronto
1llion@google.com aidan@cs.toronto.edu

Illia Polosukhin* *
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing paadelss sannectthe cocoderand decoder through anatiention
mechanism.] We propose a new simple network architecture, the Transformer,
based solely ¢ STIS. dispensing convorauons
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Jakob Uszkoreit*
Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

lukaszkaiser@google.com
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What does Generative Pre-trained
Transformer (GPT) mean o

\

Generative Pre-trained




The Rise and Rise of A.I. ) size = no. of parameters open-access
Large Language Models (LLMS)&theirassociatedbotslikeChatGPT
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A blissful fairytale or a dreadful nightmare?

Al in science and society

The Fairytale The Nightmare

Protein structures at scale
AlphaFold, Nobel Prize 2024

Faster discovery
drugs, materials, catalysts

Job market disruption
and erosion of human skills

Loss of control
over powerful, opaque systems

Unreliable science
hallucinations, irreproducibility

Patterns in huge data
astronomy, genomics, climate

Routine work automated
lab, analysis, coding

Misuse
deepfakes, surveillance, bio & cyber

Concentrated power
and a growing energy footprint

Expertise for everyone
tutors and assistants
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Al to hit 40% of jobs and worsen
inequality, IMF says

15 January 2024

By Annabelle Liang, Business reporter

Getty Images

Artificial intelligence is set to affect nearly 40% of all jobs, according to a new
analysis by the International Monetary Fund (IMF).




Canaries in the Coal Mine? Six Facts about the Recent

Employment Effects of Artificial Intelligence

Erik Brynjolfsson* Bharat Chandar! Ruyu Chen*sY

August 26, 2025

Headcount Over Time by Age Group
Software Developers (Normalized)

—— Early Career 1 (22-25)

Early Career 2 (26-30)
—— Developing (31-34)
—— Mid-Career 1 (35-40)
—— Mid-Career 2 (41-49)
—— Senior (50+)




THE WALL STREET JOURNAL.

JOANNA STERN

Social-Media Algorithms Rule How We See the World.
Good Luck Trying to Stop Them.

What you see in your feeds isn’t up to you. What's at stake is no longer just missing a birthday. It's your
sanity—and world peace.

By Joanna Stern

Jan. 17,2021 7:.00 am ET




AP The Associated Press @apnews.c... -12m
Some of the most exclusive seats at
President Donald Trump's inauguration
were reserved for powerful tech CEOs
who also happen to be among theaag
richest men.

N Meta

.

L

Trump, a populist president, is flanked
by tech billionaires at his inauguration

Some of the most exclusive seats at
President Donald Trump's inauguration wer...

|s Digital Media a threat to our political systems?



How about scientific impacts?

Intelligent dynamic , automation equig

resource management, &

Adekaisadd) Geoscience

tff 3

Artificial
intelligence

Materials

Medicine

Physics

Chemistry




Forbes

Al

AlphaFold Is The Most Important
Achievement In AI—Ever

Rob Toews Contributor ®
I write about the big picture of artificial intelligence.

Demis Hassabis John M. Jumper
Google DeepMind Google DeepMind
United Kingdom United Kingdom

"fér proteinstrukturprediktion”

“for protein structure prediction”

“This will change medicine. It will change research. It will
change bioengineering. It will change everything.”
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™) Health Health news

Scientists discover the first new antibiotics
in over 60 years using Al




Accelerating Science: How GPT-5 is Changing Research

1. Independent Rediscovery of Known Results - erature Search & Conceptual Bridging
o) [ st 3%

Sl ) Seived 10 "open" Erdds problems by finding forgotten papers
J="K Located docades-old, hard-to-find solutions, navigating cague titles

= and conceptually related papers with different terminology.
o o

P 2
Example; Finding a needle in a 700-citation haystack
‘;l Located the correct reference inside a 100-page paper
N s ——as

Improved a key condition from

n € 1/Lton & 1.6/, getting hallway 'L
l to the optimal bound of 1.75/L found O
by human experts.

Predicted outcomes of unpublished experiments
Correctly predicted that a specific treatment
would enhance the cancer-billing ability of

CAR-T cells, a result that had been internally
validated but was unpublished.

that had over 700 citations for Brdbs Problem #339.

Computer
New Math ﬂ% Colerics
(a-ratio covers) (c-approximate

Parato eels)

Discovered hidden symmetries Uncovered the mechanism Connected new math to existing

of Black Holes behind an immune response computer science concepts

Correctly re-deriving the complex SL(2,R) Proposed a non-obvi hanism (impaired Identified that a new mathematical result on
symmetrics of a wave equation on a Kerr N-linked glycosylation) to explain T-cell behavior, ‘0-rolio covers” was conceptually equivalent to

background after a “warm-up® on a simpler version. a hypothesis that had eloded lab experts. “e-approximate Pareto sets” from computer science.

3. Working in Tandem with Al as a Research Partner

Compressed a 6-month calculation into 40 minutes
GPT-5 Pro solved the remaining hall of a

problem on gravitational rediation from cosmic
strings using a more elegant method.

Solved a genuinely open
Erdée problem

Provided the nay creative step that,
combined with human insights, iad to
the first complete solution for Erdés
Problem A848 on squarefree numbers.

\ )
Functioning as a high-speed
) mathematical collaborator
&) Mathematician Timothy Gowers ases GPT-5 to
™ auiclly test filess, solve sunproblems, and find
fiaws in proof attempts.

Improved
an improved
lower bound

Loain reer buvod

29Y —42P - 1445 < K Competitive analysis G(m?:at:)s &gmlsr:t;si
Proved a new open conjecture Solved an open problem from the Improved lower bounds for an online g "
in graph theory Conference on Learning Theory (COLT).  algorithms problem Compressed a 6-month calculation "It made me a one-person army An effective workflow: Human
Developed a new, clagant proof fer a Resolveo a 2013 open problem by devising a method  Created a new obvious counterexample to refute a into 40 minutes. GPT-5 Pro solved the remaining  of experts”, guidance and Al execution
lored loaiplelity an snograph counts to disarity a lintlion parameter in a dscaruie natural algorithm and provided a key technical idea half of a problem on groritational radiation from Ballta complec thennonuclear bum propagation  Experes found success by providing high-level
in treey, a problem felt open in a 2018 paper. network model based only on a single snapshot. that helped raise the competitive ratio lower bound. cogmic strings using a more elegant method. model from idea to cimulation to theoretical ing complex problems with simpler warm-
validation in just 6 hours. ups, and critically verifying the Al's output.

A NotebookLM

Bubeck et al, 2025




FEATURE AI

What It Means to
Be a

Mathematician
When Al Does the
Math

Researchers debate motivation, purpose, and the field’s future

BY BENJAMIN SKUSE
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Gros Mercil!
Many Thanks!
Grande Obrigado!



